Patients diagnosed with epilepsy experience cognitive dysfunction that may be due to a transient cognitive/memory impairment (TCI/TMI) caused by spontaneous epileptiform spikes. We asked in a cohort of 166 adult patients with medically refractory focal epilepsy if spikes in specific neuroanatomical regions during verbal episodic memory encoding would significantly decrease the probability of recall. We found using a naïve Bayesian machine learning model that the probability of correct word recall decreased significantly by 11.9% when spikes occurred in left Brodmann area 21 (BA)21, (p<0.001), 49.7% in left BA38 (p=0.01), and 32.2% in right BA38 (p<0.001), and 21.4% in left BA36 (p<0.01). We also examined the influence of the seizure-onset zone and the language dominant hemisphere on this effect. Our results demonstrate that spontaneous epileptiform spikes produce a large effect TCI/TMI in brain regions known to be important in semantic processing and episodic memory. Thus memory impairment in patients with epilepsy may be attributable to cellular events associated with abnormal inter-ictal electrical events.
ABSTRACT (162 WORDS)
Patients diagnosed with epilepsy experience cognitive dysfunction that may be due to a transient cognitive/memory impairment (TCI/TMI) caused by spontaneous epileptiform spikes. We asked in a cohort of 166 adult patients with medically refractory focal epilepsy if spikes in specific neuroanatomical regions during verbal episodic memory encoding would significantly decrease the probability of recall. We found using a naïve Bayesian machine learning model that the probability of correct word recall decreased significantly by 11.9% when spikes occurred in left Brodmann area 21 (BA)21, (p<0.001), 49.7% in left BA38 (p=0.01), and 32.2% in right BA38 (p<0.001), and 21 .4% in left BA36 (p<0.01). We also examined the influence of the seizure-onset zone and the language dominant hemisphere on this effect. Our results demonstrate that spontaneous epileptiform spikes produce a large effect TCI/TMI in brain regions known to be important in semantic processing and episodic memory. Thus memory impairment in patients with epilepsy may be attributable to cellular events associated with abnormal inter-ictal electrical events.
INTRODUCTION (208)
Patients diagnosed with epilepsy experience cognitive dysfunction due to a diverse set of risk factors [1] [2] [3] , and epileptiform spike [4] [5] [6] and high-frequency oscillation (HFO) 7 activity is one of several risk factors that are associated with memory deficits in patients with epilepsy [1] [2] [3] . One possible mechanism is that epileptiform activity directly produces a transient cognitive/memory impairment (TCI/TMI) [4] [5] [6] [7] , although alternative mechanisms have been suggested [8] [9] [10] . Several large recent studies have shown that when epileptiform activity occurs in the left temporal neocortex during the encoding and recall epoch of a verbal episodic memory task a significant decrease in the probability of recall results [4] [5] [6] [7] . In animal models of mesial-temporal lobe epilepsy, epileptiform spikes have also been associated with memory impairment 11, 12 , although this effect is less clearly directly attributable to the spikes 10, 13 .
The location wherein epileptiform spikes disrupt memory are contested [4] [5] [6] [7] :
Theoretically, the neuroanatomical location where spikes occur should determine the type of transient cognitive impairment (i.e., semantic processing, memory, attention, visual, social deficit, etc). This theory assumes that epileptiform spikes causally produce TCI/TMI because of the changes in neural firing associated with these events 12, 14 . In this study of considerable sample size, we used spikes in the intracranial EEG (iEEG) during encoding to statistically parametrically map the neuroanatomic structures critical in semantic processing and verbal episodic memory.
RESULTS (1112)
The study cohort consisted of 166 adult patients with medically refractory focal epilepsy ( Figure 1A ) due to diverse etiologies implanted with depth intracranial electrodes ( Figure 1B ). Among the 166 patients 80 (48.2%) of the subjects were male (ages 18-64, mean age=37, Table S1 , S7). All the subjects participated in a verbal free recall task ( Figure 1C ). During each block of the task, subjects were instructed to memorize a list of 12 words that were presented sequentially on a computer screen, then solve arithmetic operations and finally recall as many words as possible during 30 sec.
The proportion of words recalled was 27.5% (95% confidence interval, CI: 27.2-27.76%) across all the subjects ( Figure 1D . Word order influenced the probability of recall, and words presented first exhibited a primacy effect ( Figure 1D1 ). Using a Generalized Linear
Mixed Model (GLMM) we determined whether subject's verbal comprehension index (VCI), age or gender had an effect on word recall. Only the VCI and age had a significant effect ( Figure At the same time subjects solved the task, intracranial recordings were obtained from different neuroanatomical locations ( Figure 1B , Table S2 -S4). The left temporal neocortex was the most densely covered region and exhibited the most spikes across all the subjects, while the occipital lobes had the least coverage and exhibited the least spikes ( Figure 1B , Table S2 -S4). A previously validated algorithm was used to automatically identify inter-ictal epileptiform spikes (IED), during the word encoding epoch ( Figure   S3 ). Overall, we analyzed 459 unique iEEG recordings, 17,142 depth intracranial electrodes, 118,292 word encoding trials across 166 subjects. Prior to analysis, we visually validated every spike detection and eliminated all false positive spike detections.
Among the 166 subjects, only in 51.2% (n=85) of the patients did we detect epileptiform spikes during any of the word encoding trials ( Figure 1A ). After aggregating the identified epileptiform spikes that occurred in each word encoding trial by neuroanatomical region as defined by Brodmann area (BA), we calculated the mean rate of epileptiform spikes per minute per location across the entire cohort (Table S3, S4) . We also derived the mean rate of epileptiform spikes by location in a subset of the cohort with detailed neuroanatomical segmentation of mesial-temporal lobe structures ( Figure S1 , Table S5 ). We found that the largest number of epileptiform spikes were detected in left BA21 (middle temporal gyrus, Table S3 ) and left amygdala (Table S5) , but the highest rate of spikes were seen elsewhere in the few patients that had coverage of these regions (Table S3,S4) .
We next asked if the detection of a epileptiform spike in a particular neuroanatomical region defined by BAs during encoding of a word reduced the probability of recalling that word. To assess this question, we implemented a naïve bayesian machine learning (NBML) model. The NBML model was used because its training utilized the joint prior probability distributions that accont for the simultaneous occurrence of epileptiform spikes in multiple BAs. In order to improve the accuracy of the NBML model, we used forward sequential selection 15, 16 to select the BAs (i.e. model features) wherein the occurrence of epileptiform spikes were most likely to influence the probability of recall. Using this criteria we excluded n=46 Brodmann areas due to insufficient power (Table S3) , and n=15 regions due to statistical independence ( Figure   2A respectively ( Figure 2A , Table S5 ).
One shortcoming of the NBML model was that electrodes were localized using segmentation of the T1 volumetric MRI images resulting in imprecise localization of electrodes implanted in mesial-temporal structures. Fortunately, in a subset of 117 (70.5%) of the 166 subjects, T2 oblique sequences through the mesial-temporal lobes were available and used for a more accurate segmentation protocol. To examine the effect of epileptiform spikes on recall probability in each subregion of the medial temporal lobe, we used logistic regression models (LRMs). We found that epileptiform spikes did not Hochberg, p<0.001, Figure 2B ) did disrupt memory encoding. In the right mesialtemporal regions we did not find a significant effect (p>0.05, Figure 2B , Table S6 ). 
DISCUSSION (306 WORDS)
Our study confirms that epileptiform spikes in brain regions known to be involved in semantic processing in the left temporal neocortex 17, 18 and verbal episodic memory in the left mesial-temporal lobe 19, 20 result in a TCI/TMI. We found that discharges in the left entorhinal cortex, left perirhinal cortex, and left parahippocampal cortex during encoding significantly disrupted the odds of word recall. However, we did not observe a similar statistically significant effect of discharges in hippocampal regions including area CA1, or right mesial-temporal structures. The hippocampus is thought to be important in memory encoding 19, 20 , and epileptiform spikes in the human hippocampus disrupt verbal episodic recall 6 . From a structural anatomical perspective, the entorhinal cortex is the entry point of information into the hippocampal formation 20 ,
and from a functional perspective the entorhinal cortex is the "pacemaker" essential for forming temporal associations and in temporal coding [21] [22] [23] [24] . Thus, when discharges occur there, it may temporarily disable the "pacemaker" and render temporal associations and temporal coding ineffective. This observation may help to resolve the paradoxical and often debated effects of electrical stimulation of hippocampal and entorhinal cortex stimulation on memory encoding [25] [26] [27] [28] .
We found that in the left temporal pole (BA38), and the left perirhinal cortex (BA35) and entorhinal cortex, epileptiform spikes within the SOZ disrupted encoding with a larger effect size. Our study and prior studies 5 have demonstrated that in the left lateral temporal neocortex, epileptiform spikes outside the SOZ may result in a relatively larger disruption of verbal episodic memory encoding. This result is important because it suggests that resecting mesial-temporal, but not lateral neocortical temporal, epileptogenic regions may help to reduce transient memory impairment from spontaneous epileptiform discharges. In addition, our results suggest that epileptiform discharges in mesial-temporal regions in patients with Alzheimer's disease 29 , and also in the temporal poles in patients with semantic dementia 18 , contribute to verbal episodic memory impairment.
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We thank Blackrock Microsystems for providing neural recording and stimulation Memory task: Subjects engaged in a list learning free recall memory tasks. During each testing block, 12 words chosen at random were displayed on a computer screen. Each word was displayed for 1600 ms, and the interword interval was jittered between 750 and 1000 ms. Lists were chosen from (http://memory.psych.upenn.edu/WordPools) a pool of high-frequency nouns.
Following the word display block, an arithmetic task was used as a distractor for 20 s.
Participants then verbally recalled the words in any order for 30 s. Patients performed up to 25 blocks per session, and some of the patients performed more than one session 4, 7 .
Intracranial EEG data: Intracranial data were recorded using either a Nihon Kohden EEG-1200, Natus XLTek EMU 128, or Natus Quantum, or Grass Aura-LTM64. The iEEG signals were sampled at either 500, 1000, or 1600 Hz and were referenced to a common contact placed either intracranially, on the scalp, or the mastoid process. Next, a bipolar montage was derived.
To examine the effects of spikes on encoding, we analyzed iEEG between the 750 ms of interword interval and 1600 ms during word display.
Intracranial EEG analysis:
To examine the effects of epileptiform spikes on encoding, we analyzed iEEG during both the 750 ms of interword interval and 1600 ms during word display.
Prior to data preprocessing, we first determined which depth electrode iEEG recordings exhibited a signal-to-noise ratio sufficient for accurate ripple detection. iEEG recordings were bandpass filtered (80-240 Hz) using a finite impulse response filter. The filter order was set to be 1/3 of the number of data points in the trial, to maximize the filter order for the calculation.
For each electrode contact recording we calculated the root mean square (RMS) value during each encoding word trial. We took the mean of this RMS value and excluded electrode contacts exceeding between 1.5-1.8 µV depending on the amplifier manufacturer used to acquire the data 7 .
We next generated a time-frequency (TF) plot of each trial using wavelet convolution further reduce boundary effects, we also discarded the initial and final 70 msec of the TF plot.
To identify the candidate epileptiform spike events in the TF plot, we used a power magnitude threshold of 1 * 10 7 arbitrary units or detected the maximum power 7 . A second stage algorithm identified the presence of an interictal discharge, within 200 ms of the maximum or threshold power, on the basis of an analysis of TF plots resulting from wavelet convolution 7, 33 .
Sharply contoured epileptiform spikes produce a motif on TF spectrograms related to the waveform morphology and not the amplitude of the event. The novel epileptiform spike detector sought to identify this motif by using a topographical analysis of the TF plot that identified and characterized distinct elevations in both the power ( Figure S1b) , and the gradient of the power ( Figure S1c ), in TF space. These elevations represent objects and we hypothesized that objects that met certain criteria would always correspond with interictal epileptiform spike events.
We identified these candidate events by first creating objects by thresholding the TF plot and its gradient to values >20% of the maximum. After applying this threshold it was possible to define the borders of the objects in the resulting TF plot, and its gradient, by using this same threshold to derive a binary map. We subsequently calculated the volume of each object, within its defined boundaries, using a trapezoidal surface integration for each of the objects. To determine if any of the identified and characterized objects were representative of interictal epileptiform spikes we applied separate thresholds to the derived volumes for the objects in the TF plot and its gradient.
Specifically, the iEEG trials were processed using a real Morlet-based wavelet convolution to compute the TF map. The wavelets were created with constant frequency domain To define the thresholds for both the TF plot and its gradient used to define the object boundaries we used 20% of the respective maximum values. Following binarization of the maps using this threshold we identified the boundary coordinates of each object using a Mooreneighbor tracing algorithm modified by Jacob's stopping criteria. We then determined the volume of each object within its boundaries by approximating the surface integral using trapezoidal numerical integration.
To identify the objects that corresponded to interictal epileptiform spikes, we first identified the object with the maximum power coordinate. We then determined if the volume of this object met a predetermined threshold and if in the gradient plot corresponding objects also met a predetermined threshold. The correspondence of the object in the TF plot and the objects in the gradient plot was confirmed by measuring the distance between the centroids of these objects. Due to edge effects we excluded objects in the TF plot that had a power maximum value near the TF plot borders. We also excluded objects that had a height-width ratio less than 0.7, because these objects more often represented bursts of gamma oscillations 7, 33 .
The custom software written in Matlab™ (Mathworks, Natick, MA) generated an XML file that was imported in to Micromed Brain Quick™ (Micromed S.p.A, Veneto TV, Italy). The XML file specified the iEEG electrode recording channels and trials that exhibited epileptiform spikes 33 . LCR subsequently visually validated these spike detections and deleted false positive epileptiform discharge detections specified by the custom software. The specified trials and electrode recording channels that exhibited the visually validated epileptiform discharges were imported from XML into Matlab™ and used for statistical analysis. In a small subset of the records from 10 patients SAW also edited the XML files in Brain Quick and the intraclass correlation coefficient was similar to previously reported values measured in the laboratory using a prior version of the algorithm 7 .
Naïve Bayesian Machine Learning Model: Naïve Bayesian machine-learning models (NBML) are advantageous in that when these models are trained the resulting prior probabilities reflect discharges in a variety of neuroanatomical regions occurring within the same word encoding trial80. However, the trained model still assumes that the discharges in each region are conditionally independent 34 . The epileptiform discharges recorded from individual electrodes were aggregated within the corresponding neuroanatomical regions of interest (Brodmann areas).
A two-dimensional matrix that indicates for each trial the locations wherein a spike occurred (Brodmann areas x trials) and an outcome vector (i.e. recalled vs. forgotten trials) were constructed by concatenating the word encoding trials across multiple sessions and patients.
When a patient did not have electrode coverage in a given Brodmann area, it was coded in the matrix as missing values. Brodmann areas that exhibited fewer than 180 discharges across the concatenated word encoding trials were excluded due to simulations indicating that these regions would exhibit a Bayes factor less than 3 or higher than 1/3 which are associated with insufficient evidence assuming a large effect size80,85. Prior to constructing the NBM, regions in which epileptiform discharges produced no significant effect (C 2 test, p>0.05) on the probability of recall, were excluded. A categorical Naïve Bayesian machine learning model (NBM) was trained using the remaining matrix and outcome array in Matlab™ (fitcnb.m). This model could calculate the posterior probability of correct recall given the occurrence of an epileptiform discharge in a specified Brodmann area (effect size) on the basis of the maximum likelihood estimation using the prior probabilities derived from the two-dimensional matrix and outcome array. The significance of the posterior probability estimation was determined by implemented a bagging algorithm63 by first performing a label shuffling permutation test (n=2000 permutations) using the success of word recall for each subject as the label (1 or 0), but maintaining the overall recall probability for each subject. Then, a categorical NBM was trained using each permuted outcome i.e. (recalled words) array. The posterior probabilities (Drecall probability) corresponding to a discharge in any one of the Brodmann areas calculated from the permuted NBMs (n=2000) were used to derive a p-value for the corresponding posterior probability from the unpermuted NBM under the assumption of a normal distribution 35 (multiple comparisons corrected, p=0.01) [36] [37] [38] .
The non-permuted trained NBM was cross-validated by calculating the loss from 10-fold out of sample testing (crossval.m). 
Repeated measures logistic regression models (LRMs) for word encoding trials:
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